The appropriate definition and scaling of the magnitude of electroencephalogram (EEG) oscillations is an underdeveloped area. The aim of this study was to optimize the analysis of resting EEG alpha magnitude, focusing on alpha peak frequency and nonlinear transformation of alpha power. A family of nonlinear transforms, Box-Cox transforms, were applied to find the transform that (a) maximized a non-disputed effect: the increase in alpha magnitude when the eyes are closed (Berger effect), and (b) made the distribution of alpha magnitude closest to normal across epochs within each participant, or across participants. The transformations were performed either at the single epoch level or at the epoch-average level. Alpha peak frequency showed large individual differences, yet good correspondence between various ways to estimate it in 2 min of eyes-closed and 2 min of eyes-open resting EEG data. Both alpha magnitude and the Berger effect were larger for individual alpha than for a generic (8-12 Hz) alpha band. The log-transform on single epochs (a) maximized the t-value of the contrast between the eyes-open and eyes-closed conditions when tested within each participant, and (b) rendered near-normally distributed alpha power across epochs and participants, thereby making further transformation of epoch averages superfluous. The results suggest that the log-normal distribution is a fundamental property of variations in alpha power across time in the order of seconds. Moreover, effects on alpha power appear to be multiplicative rather than additive. These findings support the use of the log-transform on single epochs to achieve appropriate scaling of alpha magnitude.
Introduction
The electroencephalogram (EEG) in the absence of stimulus events, or 'resting EEG', is typically characterized by oscillations. One main interest concerns the magnitude of these oscillations or, more specifically, differences between experimental conditions in magnitude. The interpretation of these differences and the statistical power to detect them are likely to be influenced by the manner of quantification and scaling of this magnitude. We focus on the magnitude of alpha (e.g., 8-13 Hz) activity because alpha activity often dominates the EEG, and has been originally associated with cortical de-arousal or 'idling' (e.g., Pfurtscheller, 1992; Pfurtscheller et al., 1996) , and more recently with inhibition (e.g., Mazaheri & Jensen, 2010) , perception, attention, and memory processes (e.g., Thut et al., 2006; Klimesch et al., 2007; Palva & Palva, 2007; Jensen et al., 2014) . Furthermore, alpha is strongly increased in an eyes-closed as compared to an eyes-open condition, one of the earliest and probably least disputed observations on the human EEG (Berger, 1929) . Exactly because the effect of eye closure is so well established, we can use it to 'tune' EEG quantification and scaling until our analysis shows maximal sensitivity to this effect (Roberts, 2008) . This approach is taken here.
Scaling is important in the definition of alpha magnitude because the results and interpretation of statistical tests depend on it. The magnitude of EEG oscillations does not have a natural scale, contrary to a variable like behavioral response time where the scale can be argued to be linear, thus allowing a strong interpretation of additive effects (Townsend, 1992) . For example, if the magnitude of alpha serves as an index of cortical activation, we cannot know a priori which scaled version of it shows a preferred linear relation to the underlying construct. Commonly used analyses for hypothesis testing, such as analysis of variance (ANOVA), t-tests, and Pearson's correlation, are insensitive to linear transformation of the data: It does not matter whether potentials are expressed in units of millivolts or microvolts, or whether a constant is added to all measurements. Frequency analysis, however, is usually performed using Fourier analysis, which is typically programmed to yield amplitude, power, or the log of power. These units are easily converted to each other using simple transformations such as square root, square, log, and power transforms, but these transformations are not linear. Therefore, many common statistical tests of alpha magnitude canand doshow different results, depending on the chosen transformation. Thus, investigators are forced to make a choice among the various options for scaling, and as it is a choice that matters, it should be a deliberate choice.
In most authoritative handbooks and guidelines papers (e.g., Pivik et al., 1993; Davidson et al., 2000; Pizzagalli, 2007; Keil et al., 2014) , only a few sources are cited (Davidson et al., 1990, footnote 2; Gasser et al., 1982) when making recommendations for the transformation of EEG in frequency analysis. These sources evaluated either only the square root and log-transform (Davidson et al., 1990, in 21 undergraduate students), or a somewhat larger set of transforms (Gasser et al., 1982, in 31 children) . We evaluated 28 transforms, all of them were members of the Box-Cox 'family' of power transforms (Box & Cox, 1964 ) that (a) includes most transforms evaluated earlier, and (b) extends both the range and precision of determining the optimal transformation in a larger (N = 87) student population. For defining the 'optimal' transformation, we took into account both normality and statistical power of various types of tests. As a comparison, the sometimes used relative spectrum was also added to the set of transforms.
To select the transform that is 'optimal', that is, among its competitors it is the most sensitive to an effect that is known to exist and thus has highest statistical power, we need a criterion for sensitivity. Here, we limited ourselves to the t-test because it is simple, powerful, and often used. Furthermore, ANOVA can be regarded as a generalization of the t-test, as it will produce results that will be either identical to ttest results for the simple (i.e., two-level comparison) designs that we use, or sensitive to transformation in a similar way. We excluded nonparametric tests because they tend to have reduced power, and are generally insensitive to monotonic transformation of the data. But even for a simple t-test, we can distinguish various broad types of analysis in which statistical tests for differences between experimental conditions are meaningful. The first are participant-level analyses, used when all conditions are presented to each participant a number of times, in different 'trials' or 'epochs', and a test for the difference is carried out for each participant, using 'epochs' as the source of error variance. To establish generality of the effect, the test may be repeated for multiple participants. The second are group-level analyses, when first a summary measure is computed for each of the participants, that each engage in multiple experimental conditions, creating a 'within-design'. Subsequent statistical testing is then carried out using 'participants' as the source of error variance. For each of these two types of analysis, the distribution of the data entering the analysis may be quite different. Therefore, the 'best' transform may, or may not, be the same for every type.
An additional factor that affects results is the precise definition of alpha frequency. Although alpha is often defined generically as the band from 8-12 or 8-13 Hz (Pizzagalli, 2007) , it has been recognized that individuals differ in their dominant alpha frequency (Doppelmayr et al., 1998; Klimesch, 1999; Bazanova & Vernon, 2014; Haegens et al., 2014; Quaedflieg et al., 2015) . We aimed to gather additional support for the concept of individual alpha frequency (IAF) by close examination of individual EEG spectra. After that, the effect of transformations was investigated for both generic alpha frequency (GAF) and IAF. First, the effects of various transformations were investigated for the participant-level analyses (hereafter named level 1 analyses). Then, the effect of the same transformations was investigated for group-level within-analyses (level 2 analyses).
Materials and methods

Participants
Participants were recruited from a population of students that were enrolled in an EEG practical course of their Master program at Maastricht University. From this population (n = 372, mean age = 23.7 years, SD = 3.0, 56% female), 99 participants volunteered and gave consent to participate after they were informed. Due to technical failure (5), low recording quality resulting in excessive noise (5), or non-compliance with task instructions (2), the data of 12 participants were excluded from further analysis. The study was approved by the Ethics Review Committee of the Faculty of Psychology and Neuroscience.
Procedure
Participants were comfortably seated in a dimly lit, sound attenuated room at a distance of about 57 cm from a monitor connected to a stimulus computer. After an electrode cap was placed and good signal quality was verified, participants were invited to produce various types of artifacts. During this period, signal feedback was given to the participant to increase awareness of the sensitivity of EEG measurements. After this, the participants were asked to relax and follow the instructions on the monitor. First, an 'eyes-open' condition was presented, during which the participant only had to watch a fixation dot for 2 min. Then, participants were instructed to close their eyes, and the 'eyes-closed' condition started and was maintained for 2 min. Participant compliance with these instructions was verified using a closedcircuit television camera. After this resting EEG phase, various short tasks were presented that are not relevant for the current report.
Data recording and analysis
Signals were recorded from 13 sintered Ag/AgCl electrodes (Fz, Cz, Pz, Oz, F3, F4, C3, C4, P3, P4, O1, O2, A2) positioned in an elastic cap (Easycap) according to the International 10-20 system using a BrainAmp amplifier and BrainVision Recorder software (BrainProducts, Germany) . An electrode at the left mastoid bone (A1) served as the recording reference, and an electrode at AFz as ground. Electrode pairs above and below the right eye and at the outer canthi of both eyes recorded vertical and horizontal EOG, respectively. Electrode impedance was kept below 5 kOhm. Signals were sampled at 250 Hz, with a low pass filter set to 70 Hz, a notch filter at 50 Hz, and a time constant of 10 s. The stimulus computer sent trigger signals every 1000 ms to a second computer that also recorded the EEG. These triggers specified each condition as 'eyesopen' or 'eyes-closed'.
Off-line analysis started with rereferencing to the average of A1 and A2 ('computer-linked mastoids'), and computing bipolar vertical (VEOG) and horizontal (HEOG) EOG. Eye-blink artifacts were corrected using a regression procedure based on Semlitsch et al. (1986) . In each condition, 120 epochs of 512 sample points (2048 ms) were cut, starting at every trigger, thus showing approximately 50% overlap.
Electroencephalogram epochs with extreme voltages (range exceeding 150 lV) were excluded. If more than ten (of 120) epochs were excluded in either the eyes-open or eyes-closed condition, data were visually inspected. Based on that, in five cases, it was decided that data quality was too low for further analysis; in one case, normal EEG exceeded 150 lV, and the range criterion was set to 200 lV. In the resulting datasets (N = 87), the average number of epochs per participant was 119.2 with eyes open, and 118.7 with eyes closed. The minima were 105 and 102, respectively.
Pre-processing for the Fourier transform consisted of (a) subtracting the time-mean and linear trend of each epoch from the voltage at each time point; (b) windowing, using a Hann window extending over 100% of the epoch; (c) padding with zero's to 1024 points per epoch. Then followed the Fourier transform on the epochs of 4096 ms, resulting in estimates of power in lV 2 at frequencies separated by 0.244 Hz, the frequency resolution. Computations were performed using EEGLAB version v12.0.2.6b and custom-written software in Matlab (MathWorks, Inc) version R2014a.
Alpha frequency and alpha band
Generic alpha peak frequency Generic alpha peak frequency was chosen at 10.01 Hz, the estimate that was closest to 10 Hz.
Individual alpha peak frequency
Individual alpha peak frequency was estimated in four steps. In step 1, the epoch-average power was computed for each frequency and participant in the eyes-closed condition. In step 2, for improved stability, the spectrum was smoothed with a simple 2-iteration 5-point moving average filter. In step 3, the IAF was determined as the frequency between 5 and 15 Hz that had the highest local maximum ('dominant') in the epoch-average power spectrum at the Pz electrode (Klimesch et al., 1993) . In the rare cases when there was no local maximum because magnitudes were monotonously increasing or decreasing, the algorithm selected 10.01 Hz as IAF, the most conservative choice among arbitrary alternatives for comparability to the GAF. Being based on the eyes-closed condition, we will denote this estimate as 'IAF-ec'. Various alternatives for this 'peak frequency' method have been proposed, but they are less often used or lack appealing simplicity (Goljahani et al., 2012) , or are only required for EEG during a task other than resting (Klimesch et al., 1993) . Below, it is shown that, in resting EEG data, the simple peak frequency method gave good results in a large sample of participants.
Furthermore, to obtain support for a functional interpretation of IAF, we again determined these estimates in the eyes-open condition and in the difference between spectra between eyes-closed and eyesopen, as computed just before step 2. This added, respectively, IAFeo and IAF-eceo to our analysis.
Generic and individual alpha band
In view of the results of alpha peak frequency analyses, presented below, we selected both the generic and the individual alpha peak frequency that was based on the eyes-closed condition (IAF-ec) as the basis to define the alpha frequency band. For both individual and generic alpha frequency (AF), the alpha band was bounded by AF AE 0.20 9 AF or the closest frequency that was available, given the resolution of 0.244 Hz (Doppelmayr et al., 1998) . The resulting single-epoch-based estimates of alpha band power formed one set of data that were entered into the transformations.
Alpha magnitude: transformations
Transformations were performed on alpha power at the Pz electrode according to the Box-Cox procedure (Box & Cox, 1964; Hoaglin et al., 1983; Roberts,2008) .Inthisapproach,thetransformsareoftheform:
For a detailed description of this family of transforms, see Hoaglin et al. (1983, p. 98-104) . A few features are noteworthy here. À1 ≤ p ≤ 2. It can be seen that as p increases, the function gradually changes from strongly concave down (p < 1) to straight (p = 1) to concave up (p > 1). As a result, lower values of p make up transforms that are capable of transforming more positively skewed distributions to normal. Secondly, Fig. 1 suggests correctly that the log-transform (p = 0) fits between p = À0.5 and p = 0.5. p-Values even closer to zero yield transforms that approach the log-transform even more. Therefore, the log-transform is a natural member of the family rather than an odd one out. Thirdly, except for p = 0, the transforms are linear transforms of power functions x p . Statistics that are insensitive to linear rescaling (t-tests, ANOVA, etc.) therefore yield the same results for the Box-Cox transforms as for simple power functions with the same p. In fact, the only reason to prefer Eqn 1 over x p is that all curves in Fig. 1 are increasing and go through a single point (1,0). Fourth, and related to the previous remark, many transforms that have been used for EEG power in the past are equivalent to members of the Box-Cox family: square root (p = 0.5), 1/x (p = À1), cubic root (p = 1/3), untransformed power (p = 1), and the log-transform (p = 0). Fifth, the base of the log does not matter to the results of t-tests or ANOVAs, as log-transforms with a different base are linearly related, as shown by the change-of-base formula:
We used e % 2.7183 as base, rendering the natural log (ln). Finally, applying one member of the family to amplitude is mathematically equivalent to applying another one to power, because (a b ) p = a b*p , so provided that an appropriate series of values of p is tested, there is no need to do the transforms on both amplitude (where b = 0.5) and power, separately.
Likely, the p-value that yields the 'best' results depends upon the distribution of alpha magnitude across trials.
We applied the transformations for a range of 28 p-values (À1.5 to 1.2 in steps of 0.1) and evaluated how the results depended on them for two statistics. First, we contrasted the eyes-open and the eyes-closed conditions with a t-test. Larger t-values suggested a higher statistical power, given the assumption that the difference between the conditions is real. Second, for both the eyes-open and eyes-closed conditions, we evaluated the normality of the distribution of the transformed data, using D'Agostino's statistic K 2 which takes into account both symmetry and kurtosis (Zar, 1999; Trujillo-Ortiz & Hernandez-Walls, 2003) . It was possible that the transform that yielded the highest statistical power to find a known experimental effect was also the transform that generated a distribution of alpha that was closest to normal.
Importantly, we performed the transformations both at the level of the single epochs, that is, preceding participant-level analyses (level 1), and at the level of the epoch averages, preceding grouplevel analyses (level 2). This allowed comparison of the two analysis scenarios. At the single-epoch level, the transforms used were:
with E i,j being alpha power in the alpha band in epoch i, participant j, and p1 being the power value used for transforms at the singleepoch level. At the epoch-average level, we first computed for each participant
with A j being the alpha band magnitude in participant j, averaged across n j epochs, and then transformed the data as:
with p2 being the p-value used for transforms at the participant level (level 2).
Note that a combination of transforms at both the single epoch and epoch-average level meets with the difficulty that the result of Eqn 2 can be non-positive, while the input of any Box-Cox transform must be positive. Therefore, only the epoch average of untransformed alpha power was used as input in Eqn 4.
Finally, for comparison, the optimal transform within the Box-Cox family was compared to the relative spectrum, defined as the ratio between the epoch-average power (untransformed) within the alpha band and the summed power across all frequencies (1-30 Hz).
Results
Generic and individual alpha peak frequency Figure 2 shows power spectra in the frequency range 5-15 Hz for every individual participant in the eyes-closed and eyes-open conditions at the Pz electrode. Some observations can be made. First, inspection of the scaling of the y-axis demonstrates that there was a large variation among participants in alpha power. For example, across participants 3, 4, and 5, the power spanned about two orders of magnitude. Yet, remarkably, despite this large variation, there existed a clearly dominant frequency in the alpha range, at least in the eyes-closed condition. A direct consequence of this large variation is that the participants with a low magnitude have only a weak effect on the shape, and peak frequency, of the participant-average spectrum. Further, those participants in the group for which the effect is large dominate the frequency at which the experimental effect is highest at the group level. Importantly, outlier rejection was neither straightforward nor desirable as the pattern of results of these participants did not meaningfully deviate from the rest of the sample. Instead, some form of normalization or transformation could provide a solution to this issue, which we discuss in detail, below.
Second, with eyes-closed, the large majority of participants showed a single, clear peak in this frequency range, unambiguously defining their IAF-ec. Peak frequencies have been marked by an open circle symbol in the plots. With eyes closed, in one participant (no. 51, marked with an asterisk), there was no peak. In the eyesopen condition, there was also no peak in one case (no. 45), although power values were generally smaller, and the selected peak frequency seemed more arbitrary in some participants (4, 7, 12, 17, 31, 37, 44, 47, 49, 50, 51, 77, 82, 84, 87) . The two cases without a peak have been omitted from the histograms in Fig. 3 and further IAF analyses, so that n = 85 remained. For the estimation of alpha magnitude, IAF was replaced by the GAF in these cases, as detailed in the Methods.
Third, clearly, there was substantial variation in the frequency at which alpha showed a peak, so that it often deviated from GAF, which is marked with the vertical dotted line in Fig. 2 . In Fig. 3 , panel (a) shows a histogram of IAF-ec. IAF-ec differed more than 0.50 Hz from GAF in 46 of 85 participants (54%). The distribution of IAF-ec across participants closely resembled the one reported by Bazanova & Vernon (2014, their associated distribution across participants. In many cases, IAF-eceo was very close to IAF-ec. The difference between IAF-eceo and IAF-ec was smaller than 0.5 Hz in 74 of 85 participants (87%). A ttest showed no significant difference in means (t 84 = 1.44, P = 0.15), and an F-test showed a slightly larger variance in IAFeceo (s 2 = 2.03) than in IAF-ec (s 2 = 1.30), F 84,84 = 1.55, P = 0.047. IAF-eo was within 0.5 Hz of IAF-eceo in 39 of 85 participants (46%), and neither means (t 84 = 1.21, P = 0.23) nor variances (F 84,84 = 1.02, P = 0.93) differed significantly.
Fifth, in 54 of 85 participants (64%), IAF-ec differed less than 0.50 Hz from IAF-eo. In some of the cases where the difference seemed especially large, the power values with eyes-open were low and lacked a large peak, rendering the outcome of peak picking unreliable (see point 2, above). In some other cases (no. 57, 64, 68), though, there were large peaks in both the eyes-open and eyesclosed conditions, and there was a large difference between IAF-ec and IAF-eo. Interestingly, in those cases, IAF-ec was higher than IAF-eo. However, this counterintuitive observation concerned only a small subsample of our participants and was not supported by a statistical test on IAF-ec vs. IAF-eo on the whole sample (IAF-ec: M (SD) = 9.80 (1.15), IAF-eo: M (SD) = 9.74 (1.41), t 84 = 0.41, P = 0.69). In Fig. 3 , panel (b) shows a histogram of IAF-eo, and panel (d) shows a histogram of IAF-ec minus IAF-eo.
Sixth, the histogram of IAF-ec in Fig. 3, panel (a) , shows that IAF-ec, even while being allowed to vary within a wide range of 5-15 Hz, was distributed symmetrically around GAF of 10.01 Hz (the dotted vertical line). It is also obvious that a generic alpha band (e.g., 8-12 Hz) in most of the participants would capture the peak that defined IAF-ec. Still, as the IAF peak falls closer to a border of the generic alpha band, that band does not capture an increasing proportion of the power in the individual alpha band, leading to an underestimation of alpha power.
In sum, the results suggest that (a) IAF can reliably be found especially in the eyes-closed condition, (b) it deviates clearly from GAF in many participants, and (c) it shows a bell-shaped distribution among participants. Moreover, IAF in the eyes-closed condition is almost always close to the frequency that changes the most when the eyes are open vs. closed, and often also close to the IAF in the eyes-open condition. This can be taken as supporting evidence for a functional interpretation of individual alpha, and it is especially encouraging in light of the known threats to validity associated with peak picking, which have been documented in detail for eventrelated potentials by Luck (2014) , and, in principle, could hold for frequency spectra as well. In the remainder of the text, whenever 'IAF' is used, it refers to IAF as obtained in the eyes-closed condition, unless explicitly stated otherwise. For comparison, GAF was further investigated as well and its sensitivity was compared to IAF after the optimal transformation was selected, as reported below.
Transformations on single epochs
Below, we use t1 to refer to (results from) participant-level t-tests that were performed for each individual participant (level 1), and t2 to denote (results from) group-level t-tests (level 2). The effects of transformations on the generic alpha band were highly similar to effects on the individual alpha band, unless stated otherwise, so we mainly discuss the latter. Detailed results for the generic alpha band can be obtained in the Supporting Information.
In Fig. 4, panel (a) shows the effect of parameter p1 in the Box-Cox transform (Eqn 2) on the t1-value associated with the independent-samples t-test that compares, within each participant, alpha magnitude in the individual alpha band in eyes-open and eyesclosed epochs. First, it can be seen that the range of tested p1 values was sufficiently wide: for nearly all participants, there was a peak indicating the highest (optimal) t1 value within the tested range, and closer to the edges of the tested range of p1 values, curves were generally decreasing.
Second, Fig. 4, panel (b) shows a histogram of the N = 87 values of p1 that were peaks in panel (a), that is, that were optimal for a participant. The large majority of peaks were in the range À0.5 to +0.5, with most of them clustered around p1 = 0, corresponding to the log-transform. In Fig. 4, panel (c) shows the participant-average of the waveforms in panel (a). For p1 = 0, it attained its highest value, showing that if a single value of p1 must be selected for all participants, then the optimal choice is the log-transform. Although the statistical power at p1 = 1 (equivalent to 'no transform') was certainly not low (eyes closed vs. eyes open is a strong effect), there was a substantial gain in power at p1 = 0. On average, across participants, comparing the t1's of p1 = 0 and p1 = 1 yielded means of 11.8 and 8.3, respectively. A group-level t2-test showed a significant difference (t2 86 = 9.91, P < 0.0005).
In Fig. 4, panel (d) shows the effect of p1 on normality of the distribution of alpha magnitude across epochs in the eyes-open condition, with lower values indicating a closer approximation to normal. The histogram in panel (e) shows that for every participant, the closest approximation was obtained with a value of p1 ranging between À0.5 and 0.5 and the optimal p1 values were symmetrically clustering around p1 = 0, the log-transform. Panel (f) shows the participant-average of the waveforms in panel (d) . When p1 = À0.1, it attained its lowest value, showing that if a single value of p1 is to be used for all participants, then the p1 = À0.1, yields, on average, the most normal distribution. This value of p1 = À0.1 was again very close to the log-transform (p1 = 0). Panels (g, h, i) show the same relations as panels (d, e, f), but now for the eyes-closed condition, with similar results. Only this time the average in panel (i) was minimal for p1 = +0.1, so still close to zero. Although participantmean optimal p1 was close to zero in both the eyes-open and eyesclosed conditions, a group-level t2-test nevertheless revealed a significant difference (eyes-open: M = À0.062, eyes-closed: M = 0.121, t2 86 = 5.95, P < 0.0005).
Comparing transformations on epoch averages and single epochs
While significance testing at the participant level (level 1) is affected by the distribution across epochs, the group-level testing (level 2) is affected by the distribution across participants. The latter distribution can be modified by transformations either at the single-epoch level (Eqn 2, level 1, as in the previous section) or at the epoch-average level (Eqn 4, level 2). When transforming epoch averages (Eqn 4), we used the untransformed epoch-average power (Eqn 3) as input. This averaging of untransformed power values at level 1 is recommended by Oppenheim & Schafer (2010) and seems to be the default used by most EEG investigators (e.g., Tomarken et al., 1992; Keil et al., 2014) . Thus, the comparison can be described as 'level 1-only' transform vs. a 'level 2-only' transform.
In Fig. 5, panel (a) shows the effects of these transformations on the t2-value of the contrast between alpha magnitude in eyes-open and eyes-closed conditions. First, the level-2 transforms yielded a maximal t2-value for p2 = 0, corresponding to the log-transform. Second, the level 1 transforms yielded a maximal t2-value for p1 = À0.2. Third, even at p1 = 0, the t2 is still larger for epochlevel transformation than with p2 = 0 for participant-level transformation. The results for generic alpha power were highly similar and can be obtained in the supplementary online information.
In Fig. 5, panel (b) shows the effect of p1 and p2 on normality of the distribution across participants (K 2 ) in eyes-open and eyes-closed conditions. In the eyes-closed condition, normality was most closely approached at p1 or p2 = 0.9, and at p1 or p2 of 0.1 in the eyesopen condition. Only in the latter case, there was an advantage for the epoch-level transformation over the participant-level transformation.
More relevant to paired-comparison t-testing, however, is the normality of the distribution of differences between eyes-closed and eyes-open conditions. This normality is depicted in panel (c). For participant-level transformations, the optimal p2 was 0.3, and for epoch-level transformation, the optimal p1 was À0.2 and lower values of K 2 were attained.
Individual vs. generic alpha band
The above findings indicate that epoch-level transformations that are equal or close to the log-transform are optimal. Therefore, this logtransform was selected for further statistical comparison of the generic and individual alpha band. Two tests were performed. The t1values of independent-sample t-tests contrasting eyes-open and eyesclosed in each individual participant were on average larger for the IAB than for the GAB (level-2 paired-comparison t-test: IAB: M (SD) = 11.8 (7.2), GAB: M = 11.3 (7.3), t2 86 = 4.0, P < 0.0005). Also, an ANOVA with state (eyes-open, eyes-closed) and band (IAB, GAB) as factors showed alpha magnitude was larger with eyes closed than with eyes open (F 1,86 = 223.7, P < 0.0005), and larger for the IAB than for the GAB (F 1,86 = 9.4, P = 0.003). Furthermore, the difference between the eyes-open and eyes-closed states was larger for the IAB than with the GAB (F 1,88 = 17.0, P < 0.0005). These effects support the hypothesis that the individually defined alpha band has greater sensitivity than the generic alpha band.
Single-epoch log-transform vs. relative power
The single-epoch log-transform was also selected for comparison to alpha magnitude taken from the relative power spectrum. Relative power is commonly tested at the group level, so we did the same, and compared to the single-epoch log-transform (p1 = 0) of absolute power. The paired-comparison t2-value associated with the difference between the eyes-open and eyes-closed conditions was higher for the single-epoch log-transformed absolute alpha power than for the relative alpha power (t2 86 = 15.38, P < 0.0005 and t2 86 = 11.38, P < 0.0005, respectively). Furthermore, normality of the distribution of the eyes-closed and eyes-open difference contrast across participants was rejected for relative alpha (D' Agostino K 2 = 10.16, P = 0.006), but not for the single-epoch log-transform (K 2 = 3.84, P = 0.147).
SD as a function of mean
The above results suggested that the across-epoch distribution of EEG alpha power approached normality after taking the log transform on individual epochs. Whenever the distribution of a logtransformed variable is normal, the distribution of the original, untransformed variable is called 'log-normal'. A log-normal distribution across epochs results if the variable is the product of a large number of (latent) independent, identically distributed variables in the same way that a normal distribution results if the variable is the sum of a large number of independent, identically distributed variables (central limit theorem; Weisstein, 2017) . Further support for the notion that alpha power in each single epoch is the product of latent variables can be obtained by showing that modulations of alpha power are multiplicative in nature. One type of modulation concerns individual differences. If they are multiplicative, then the epoch standard deviation should increase linearly with the epoch average (Zar, 1999) . 
Characterizing variation at the original scale of the data
Given the indications that the variation in alpha power among epochs follows a log-normal distribution, and that the single-epoch log-transform is optimal, this transform would be preferred for statistical testing. However, one disadvantage of the log-transform is that the results in terms of absolute numeric values are less familiar than at the original scale (lV 2 ). Thus, for plotting, one would like to characterize the epoch-average data on their original scale. Traditionally, the mean and standard deviation of log x would be used to characterize the data, but they may be 'back-transformed' to yield the multiplicative (or geometric) mean xÃ and multiplicative standard deviation s* (Limpert et al., 2001; Limpert & Stahel, 2011) . These parameters have some notable features. First, they determine an interval containing 68.3% of the data in the same way as the description x AE SD does for (additive) normal data. The interval ranges from xÃ divided by s* to xÃ times s* and can be denoted as xÃ x/s* (read as ' xÃ times-divide s*'). For example, with xÃ = 100, and s* = 2, the lower and upper boundaries would be 100/2 = 50 and 100 9 2 = 200, respectively. Note that if the boundaries of the interval would be plotted as error bars on a linear scale, they would be asymmetric, as appropriate for a skewed distribution; but if plotted on a log scale, they are symmetric again. Second, s* characterizes the log-normal distribution in that the more it deviates from 1, the larger the deviation from normality. Third, s* is scale-free in the sense that it is not sensitive to the units of the variable (e.g., volt vs. microvolt).
In Fig. 7, panel (a) shows geometric epoch-mean individual alpha power at the Pz electrode in eyes-open and eyes-closed conditions, for each participant with error bars indicating s*. Note that in this graph, the same vertical distance indicates the same proportional increase. The vertical distance between eyes-open and eyes-closed seems not to depend heavily on the position on the scale, suggesting that the effect of closing the eyes is proportional, or multiplicative, rather than additive. The same holds for the error bars. The plot would look just the same if the epoch-average (arithmetic mean) of log-transformed power were plotted on a linear scale. The latter, however, does not offer the advantage of an easily interpretable yaxis. For plotting and interpretation of group data, one can use either the participant-arithmetic mean of epoch-geometric means, plotted on a log scale, or the participant-arithmetic mean of epochlog transformed power, plotted on a linear scale.
In Fig. 7, panel (b) and (c) show histograms of s* in eyes-open and eyes-closed conditions, respectively. In no participant, s* was smaller than 1.5, and the great majority was between 1.5 and 3. The participant-mean of s* did not differ significantly between eyes-open (mean s* = 2.20) and eyes-closed conditions (mean s* = 2.15) (t 88 = 0.71, P = 0.48).
Discussion
The premise was that appropriate definition and scaling of the magnitude of EEG oscillations in the alpha frequency range is an underdeveloped area. The aim was to optimize the analysis of resting EEG alpha magnitude, focusing on alpha peak frequency and nonlinear data transformation. The results, however, also have several theoretical implications.
The results supported the concept of IAF. Next to substantial individual variation in alpha magnitude, individual spectra showed peaks in the alpha range at frequencies that were clearly different for individual participants (Fig. 2) . When individual alpha peak frequency was estimated in the eyes-closed condition, where alpha was largest, and where estimates were plausibly most reliable, it was identical to, or close to the frequency that showed the largest differ- in the eyes-open condition, when power or differences in power were small. In sum, individual spectra suggested not only that individual alpha peak frequency is rather stable across conditions that differ substantially in magnitude, but also that it is the frequency that is most sensitive to an experimental manipulation that allegedly changes cortical activation, namely open vs. closed eyes. This adds support to a functional interpretation of IAF, as opposed to being merely a result of random errors in the estimation of a peak in the spectrum. This functional interpretation agrees well with earlier findings that individual differences in alpha frequency are related to interindividual differences in age and several cognitive functions including attention and memory (e.g., Klimesch et al., 1993; Klimesch, 1999) , and perception (Samaha & Postle, 2015) . Across participants, we performed direct statistical tests of the difference between generic and individual alpha power (both epoch-log transformed). Not only overall alpha magnitude, but also the differences between eyes-open and eyes-closed were larger for individual alpha than for generic alpha. The latter result held for both average t values of level-1 t-tests and alpha magnitude.
A family of transformations (Fig. 1) provided a graded correction for right-skewness of the distribution of alpha power across epochs (level 1) or across participants (level 2). The effect of level-1 transformation was studied for t-tests and normality of the distribution within each participant. At the group level, we compared level-1 and level-2 transformations (Eqn 2 and 4 resp.).
For t-tests and normality within each participant, the log-transformor a transform close to itwas optimal (Fig. 4) . It yielded, on average, the highest t-value for the eyes-open vs. eyes-closed contrast, and it was also the transform that yielded across-epoch distributions very close to normality. So, if a single transform is to be selected and applied to single epochs in all participants, as is preferable, then the log-transform is optimal. Furthermore, if a distribution of log-transformed data is normal, we may call the distribution of the untransformed data 'log-normal', and this has theoretical implications, as outlined below.
Preceding analyses at the group level, there is a choice between two options for transformation: (a) transforming the alpha power in single epochs (level 1), then averaging across epochs, followed by the t-test and evaluation of normality, or (b) first averaging across epochs, transforming the epoch average (level 2), and then do the ttest and evaluation of normality. The highest t-value and smallest deviation from normality were attained when log-transformation was performed at single-epoch level. For the paired-sample t-test at the group level, it is the normality across participants of the difference between eyes-open and eyes-closed conditions that matters, rather than the normality of the distribution in each isolated condition. Only level-1 transformations close to the log-transform managed to keep the statistic K 2 far below the threshold for rejection of this normality. Also, the comparison to relative power was favorable for the epoch-level log-transform: The relative power yielded a smaller tvalue and a significant deviation from normality at the group level for the eyes-open and eyes-closed contrast.
Yet another reason to prefer transformation at the single-epoch level is a more general one. Optimization of measurement (including transformation) within individual participants should be preferred because once a maximally reliable score for each participant has been obtained, only the issues of generalization to the population and possible existence of true individual differences are left for the group-level analyses.
Theoretical implications
According to the theorem of central limits, a variable that is the sum of a number of independent underlying variables will be normally distributed. If experimental effects concern one of those underlying variables, then ANOVA and t-tests, which test for additive effects on the mean, are appropriate. A variable that is the product of a number of independent underlying variables will be distributed log-normally (McDonald, 2014) , meaning that their log-transform yields data that are distributed normally and may be tested for additive effects with ANOVA and t-tests [note that the log-transform turns any multiplicative effects into additive effects, see the basic rule of log computations log(xy) = log(x) + log(y)]. Effects on the untransformed variable will then be multiplicative in nature. One consequence is that effects on the standard deviation will be proportional to the mean (Zar, 1999) , as also observed in the present data (Fig. 6) .
If it is accepted that the log-normal distribution is a fundamental property of second-by-second variations in EEG-alpha power across time, it is interesting to speculate about a neural architecture that would generate alpha power as a product of independent random variables. The fact that the variation happens along epochs within single participants rules out many sources of variability such as skull thickness, electrode resistance, and idiosyncratic folding pattern of the cortex. Probably the most simplistic architecture is a series of neural modules acting as 'amplifiers', each having an independent randomly variable gain factor. If arranged in a series, the total gain is the product of the individual gains. The start of the series would be the driving generator of alpha, and the end would be pyramidal neurons in the cortex, whose signal is picked up by the EEG electrode.
Our recommendation to average the log-transformed single-epoch power values rather than the untransformed power values deviates from the method of averaging periodograms that has been recommended for EEG (Keil et al., 2014) . The latter recommendation was presumably rooted in the established works of Welch (1967) and Oppenheim & Schafer (2010) . It should be taken into account, however, that the latter authors were concerned with the estimation of stationary oscillations in noise. Even brief observation of any raw EEG time series data makes obvious that EEG oscillations are not stationary, but highly variable across time intervals of more than a few seconds. Plausibly, it is the latter variability that necessitates the log-transform.
Our recommendation to transform the data at the single-epoch level rather than after epoch-averaging parallels that by Grandchamp & Delorme (2011) . These authors, however, were not concerned with resting EEG, but with event-related changes in the spectrum with respect to a baseline preceding each individual event. The method that came out as best in their study involved computing Zscores at single-epoch level. The involved division by the SD across time might have a similar effect as taking the log, if indeed that SD increases linearly with the mean, as when variations are multiplicative, and log-normally distributed. Gasser et al. (1982) tried various (level-2 only) transforms on relative and absolute epoch-average spectra, and evaluated skewness, kurtosis, and Wilk's W of the distribution across participants in various frequency bands. Most relevant to the current discussion are their results about absolute spectra in two alpha bands (7.5-9.5 and 9.5-12.5 Hz). In both cases, the log-transform performed best in transforming toward normality. Likewise, Davidson et al. (1990) , comparing the log and square root (level-2) transform, concluded that the log-transform resulted in a less-skewed distribution. As argued above, our data suggest that the same transform on single epochs (level 1) is sufficient to achieve normality and is preferable.
Limitations
Although we analyzed individual alpha peak frequency in a usual manner, the current results do not tell us anything about the stability of individual differences in the long run, for example, across sessions separated by days or months. Therefore, individual differences might reflect a current 'state', or a stable 'trait'. Still, the results do suggest a degree of stability in alpha peak frequency across conditions (eyes-open and eyes-closed) that have a great influence on magnitude. Earlier data from Gasser et al. (1985) showed that individual alpha peak frequency is also stable across months. Nevertheless, the peak might still shift during specific tasks, as suggested by Klimesch et al. (1993) and Haegens et al. (2014) . Alpha activity during cognitive tasks is beyond the scope of the present paper.
The current results concern only resting EEG. Although measurement of resting EEG with eyes-open and eyes-closed is very common, EEG during other conditions is important in many other studies. We hypothesize that a log-normal distribution across epochs and multiplicative rather than additive effects characterize EEG in those studies as well, but this needs to be verified. Also, in task-based paradigms, effects might benefit from transformations not tested here. Based on our results in the eyes-open condition, suggesting a log-normal distribution along single epochs even when alpha magnitude is comparatively small (Fig. 4d-f ), we would expect beneficial effects especially for transforms that capitalize on proportional rather than additive task effects (see Grandchamp & Delorme, 2011) .
Conclusion and recommendations
Individual alpha peak frequency can be determined reliably in only 2 min in an eyes-closed condition. This frequency does not differ systematically from an eyes-open condition, or from the frequency that shows the largest difference in alpha power between eyes-open and eyes-closed conditions. Moreover, when it is used to define the individual alpha band, then the latter shows a higher magnitude of alpha and stronger Berger effects than a GAF (8-12 Hz). Thus, we recommend using IAF rather than a single generic alpha frequency.
The current results suggest that the log-transform on single epochs, so preceding averaging across epochs or trials, is both necessary and sufficient. It is necessary because it converts the log-normal distribution to normal or near-normal and transforms multiplicative effects into additive effects. It is sufficient, because it normalizes both the distribution across trials within participants, and the distribution across participants.
In our search for the optimal transformation, we tried many that varied in a graded way. We argue that this was permissible because we studied a known and undisputed effect, the Berger effect. Indeed, we do not recommend that many transformations be performed routinely in an attempt to maximize just any experimental effect, as this could be regarded as 'fishing for significance'. Yet we still encourage replication and generalization of the finding that the log-transform on single epochs is optimal. That generalization could concern other frequency bands, other states like sleep or after drug intake, or specific participant or patient groups.
Supporting Information
Additional supporting information can be found in the online version of this article: S3 . The relation between the average and SD of alpha magnitude across epochs in de generic alpha band. Fig. S4 . Geometric mean alpha power in the generic alpha band for all 87 participants, plotted on a log scale.
